objective To present an algorithm for primary-care health workers for identifying HIV-infected adolescents in populations at high risk through mother-to-child transmission.
Introduction
Almost three decades after the start of the HIV pandemic, more than 2 million children worldwide are HIV-infected, with the majority living in Southern Africa (AIDS Epidemic Update, 2009). Coverage of diagnosis and treatment of HIV-infected children has lagged behind that of adults (Prendergast et al. 2007) , although there has been an increased focus on scaling up paediatric HIV diagnosis and treatment programmes in recent years (AIDS Epidemic Update, 2009; WHO & UNAIDS, 2009) . Paediatric HIV programmes have focused mainly on diagnosis and treatment of HIV infection among infants and younger children, and tended to exclude older children and adolescents, who have instead been primarily targeted for HIV prevention. (AIDS Epidemic Update, 2009) .
The likelihood of survival to adolescence with undiagnosed maternally acquired HIV infection is now known to be higher than previously assumed (Newell et al. 2004) ; about a third of HIV-infected infants are 'slow-progressors' and thus HIV infection acquired during infancy is now a major cause of adolescent ill-health in countries with severe, longstanding HIV epidemics (Marston et al. 2005; Ferrand et al. 2009 Ferrand et al. , 2010a . As a legacy of earlier *Re-use of this article is permitted in accordance with the Terms and Conditions set out at http://wileyonlinelibrary.com/ onlineopen#OnlineOpen_Terms.
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ª 2010 Blackwell Publishing Ltd assumptions that long-term survival with untreated vertical HIV was likely to be exceptional, underlying HIV has often not been considered in older children and adolescents presenting with acute ill-health (Eisenhut et al. 2008) . This results in delayed diagnosis (Ferrand et al. 2007a; Judd et al. 2009 ) of a high risk of irreversible complications of HIV by the time diagnosis is finally made and treatment started as well as a risk for onward transmission (Ferrand et al. 2007b; Foster et al. 2007) . In Harare, Zimbabwe, HIV prevalence rates in pregnant women were high throughout the 1990s, peaking at about 30% in 1997 (Zimbabwe National HIV and AIDS Estimates 2007, 2007) . HIV prevalence is now extremely high in adolescents (aged 10-18 years) accessing secondary and primary acute care services (46% and 17%, respectively) (Ferrand et al. 2010a,b; Ferrand et al. 2010a,b) . Underlying HIV infection was already identified in all but a small minority of hospitalized adolescents, but was previously undiagnosed in 81% of HIV-infected adolescents accessing primary care services. At both health service levels, characteristic features suggesting long-standing or maternally acquired HIV infection were noted to be present in most cases.
In this study, we used data from primary health care in Harare to construct a simple screening tool to identify adolescents at high risk of undiagnosed HIV infection. This tool could be adapted for use at primary care level in settings where HIV testing and counselling is not routinely provided.
Methods

Study population and data collection
Patients aged 10-18 years attending two primary care clinics in Harare for any reason except antenatal care were enrolled consecutively into the study over a 6-month period. Patients were excluded if they were attending for antenatal care, were too ill to take part, had been previously enrolled in the study, or were younger than 16 years and not accompanied by a guardian.
All participants were offered an HIV test following group pre-test counselling and asked to consent for participation in the study, including an additional HIV test for study purposes, regardless of whether the participant accepted diagnostic HIV testing. A standardized questionnaire was used to record brief demographic details, clinical history and reason for clinic attendance. Z-scores for height-and weight-for age were calculated using British 1990 Growth Reference Curves (chosen because, unlike the 2006 WHO standards, these provide height and weight data for children over the age of 10 years) (Cole 1997; de Onis et al. 2007 
Data analysis
A random number generator was used to divide the data set into two: a 'train' and 'test' data set, with an equal number of HIV-positive participants in each data set. The train data set was used to create and optimize the screening algorithm, which was then evaluated in the test data set.
Algorithm criteria
The algorithm was designed for use at primary care level and thus variables that could be measured by primary health care workers were selected. Candidate variables used to construct the algorithm were defined a priori and were coded as binary variables. The considered criteria were defined as follows:
• Recurrent upper respiratory tract infections: more than two upper respiratory tract infections (URTI) over a period of at least 6 months • Recurrent chest infections: more than two chest infections diagnosed in primary or secondary care over a period of at least 1 year • Recurrent diarrhoea: more than 3 acute or chronic episodes of loose stool over a period of at least 6 months, with at least a week's diarrhoea-free period between each episode • Recurrent skin problems: more than 3 episodes of any skin complaints occurring over a period of a year or more • Possible sexually transmitted infection (STI): vaginal ⁄ urethral discharge or genital sores • Oral candidiasis: white spots or plaques in the mouth • Possible tuberculosis: cough >2 weeks and one of the following: night sweats, weight loss, fevers • Poor Functional ability: Illness affecting ability to function in daily life in the past 3 months
• Wasting: weight-for-age z-score <)2
• Stunting: height-for-age z-score <)2 • Pubertal delay: Tanner Stage 1 ⁄ 2 in those aged 14 years or older
Other criteria that were considered included age, sex, marital status, educational level, history of TB, self-rated health and history of hospitalization (at least one night stay in hospital for any reason).
Construction and optimization of the algorithm
The odds ratio (OR) for the association of each variable with HIV infection was estimated. Variables with a Pvalue<0.1 were included in an initial multivariate model. Variables not independently statistically significant (i.e. with a P-value >0.05) were excluded from the multivariate model by stepwise backward logistic regression, so the final model included only those variables independently associated with HIV.
The log of the probability of being HIV-infected (P) was calculated for different combinations of variables V i from the final multivariable model as follows:
where V i is the binary variable i (coded as 1 if the variable is present and as 0 if the variable is absent) and b i is the log(OR) associated with variable V i .
The next step was to select a cut-off value of P, which would discriminate which individuals should be considered as being at higher risk of HIV infection and be referred for an HIV test. Using this cut-off, an algorithm which classifies individuals into one of two groups, 'high risk for HIV' and 'low risk for HIV', was devised. To choose the optimal cut-off, the sensitivity and specificity for a range of cut-offs against true HIV status was calculated. The positive predictive value (PPV), negative predictive value (NPV) and the likelihood ratio (LR) of the algorithm using different cut-offs were also calculated. To increase the sensitivity of the algorithm without compromising specificity, additional variables with very high specificity (>97%) for HIV infection were added as options to the model at the desired cut-off of P.
Evaluation of the algorithm
The optimized algorithm was applied to the test data set and sensitivity, specificity, PPV and NPV and LR calculated. The PPV, NPV and number needed to HIV test to detect one HIV-positive individual were then calculated for varying HIV prevalence levels.
Results
A total of 506 participants (97% of those eligible) were enrolled during the study period. Thirty-two attendees were excluded because of severe illness (7), no guardian available for consent (12), and consent to participate being refused (13). Two hundred and fifty-one participants were randomly assigned to the train set and 255 to the test data set. Eighty-six (17%) participants were HIV-positive, and there were 43 HIV-infected participants in each data set.
Age, sex, marital status and pubertal delay were not associated with HIV infection on univariate analysis. Table 1 shows the variables associated with HIV infection (OR ‡2.5 or P-value <0.05) on univariable and multivariable analysis. Orphanhood, hospitalization, recurrent skin problems, presentation with a sexually transmitted infection (STI) and poor functional ability were independently associated with increased risk of HIV infection in the multivariable analysis and were included in the algorithm. Under the multivariable logistic regression model, a cut-off of P = 0.12 corresponded to an individual who met more than one of the five criteria in the model being considered as 'high risk for HIV', and hence would be offered HIV testing under the proposed algorithm.
Identification of the optimum algorithm
Using a cut-off of P = 0.12, the sensitivity and specificity of the algorithm to predict HIV infection in the trainer data set were 77% and 81%, respectively. Lower and higher cut-offs resulted in a substantial drop in specificity and sensitivity respectively: for example, using a cut-off of P = 0.38 (corresponding to >2 criteria in the algorithm being met) resulted in a specificity of 95% but sensitivity dropped to 47%. Thus, other cut-offs were not considered further. High specificity variables (history of TB, history of herpes zoster and presence of oral candidiasis) were tested in various combinations as an option to the original algorithm, but resulted in no significant improvement in sensitivity of the algorithm, and thus, the original model was retained as the final algorithm (Figure 1 ).
The test data set
Applying the algorithm (with a cut-off of P = 0.12) to the test data set gave a sensitivity of 74.0% (95% CI: 64%-82%) and a specificity of 80% (95% CI:71%-87%) with the algorithm correctly classifying the HIV status of 79% of participants. As an additional check for internal validity of the model, the data set was bootstrapped; after 50 000 iterations, the sensitivity was 81% (95% CI: 73-88%) and the specificity was 77% (95% CI: 68-82%).
Prediction of HIV Status in low-HIV-prevalence settings using the test data set
The algorithm had high estimated NPV in both low-and high-HIV-prevalence settings and would result in an estimated 60% decrease in the number of adolescents needing to test to identify one HIV-infected individual, compared with universal testing (Table 2 ). Using the algorithm in an adolescent clinic population with a low prevalence of HIV infection for e.g. 0.1% underlying risk of HIV infection, the algorithm would identify 377 adolescents for HIV testing for every one true positive (compared to a 1000 adolescents screened to identify one HIV-infected adolescents). However, it is also important to Has one or both of your natural parents died? Figure 1 Adolescent 'HIV suspect' algorithm. minimize the number of false-negative results (i.e. HIVinfected adolescents identified as being low risk): using the algorithm an individual would be falsely classified as 'not at risk' for every 2189 adolescents screened.
Discussion
This study shows that a simple, question-based algorithm can identify underlying HIV infection with reasonable sensitivity and specificity in African adolescent primary care attendees born into a population in which the adult HIV epidemic was at high prevalence at the time of their birth. The algorithm had a sensitivity and specificity equal to or better than other tools to identify HIV infection in children, including algorithms based on clinical signs and symptoms (Horwood et al. 2003; Bahwere et al. 2008) and even paediatrician assessment, (Horwood et al. 2003) and requires a very simple assessment that could be administered following minimal training. Existing paediatric algorithms to identify children with HIV infection, such as the IMCI ⁄ HIV algorithm, tend to focus on diagnosis of younger children with symptomatic HIV infection, which may not be applicable to older children, and are also less evidence based (Qazi & Muhe 2006) . We have previously established that vertically acquired HIV is likely to be responsible for most symptomatic HIV infections in this age-group in Zimbabwe and this may also be true for neighbouring countries (Walker et al. 2006; Ferrand et al. 2009) . Maternally acquired infection is also a risk factor in older African children and adolescents who present with previously undiagnosed symptomatic HIV infection having emigrated from highto low-HIV-prevalence countries (AIAU, NSHPC, & CHIVA, 2007; Judd et al. 2009) . Failure to consider possible long-term survival with vertically acquired HIV can result in missed opportunities for early diagnosis, affecting survival prospects and increasing the risk of severe and irreversible long-term complications and mortality (Arpadi 2000; Buchacz et al. 2003) . Undiagnosed HIV should, therefore, be considered in all acutely unwell adolescents from families with known risk factors for HIV (e.g. immigrants from high-HIV-prevalence settings or intravenous drug users).
Current international recommendations are that HIV testing should be routinely offered to all attendees in health facilities (WHO & UNAIDS 2007) and facility-based testing is a highly cost-effective way of identifying HIVpositive individuals even in low-HIV-prevalence settings (Paltiel et al. 2005; Sanders et al. 2005) . However, in practice not all national policies are in line with the current international ones, often exclude children, and resource constraints may adversely affect implementation (WHO & UNAIDS, 2009) . In settings where universal testing is not routine for this age-group, we propose a risk assessment based on the type of pre-screening algorithm presented here. As well as identifying individuals at high risk, the algorithm may serve to raise awareness among health providers of the need to consider long-term survival in acutely unwell older children and adolescents at risk of maternally acquired HIV infection.
In low-HIV-prevalence countries, most HIV testing is carried out through free-standing or sexual health services. However, many newly diagnosed HIV-infected individuals report prior consultation in primary care, implying that opportunities for earlier diagnosis are frequently missed (Sullivan et al. 2005; Sudarshi et al. 2008) . Health-care workers in primary care are often reluctant to discuss HIV testing with patients, and this may be particularly true for older children and younger adolescents where considering a diagnosis of HIV will raise uncomfortable questions about the source of their infection. Use of an algorithm may then serve to prompt this process in an age-group that is not well served by alternative testing services. An additional advantage may be expansion and normalization of HIV testing in primary care, a relatively under-utilized resource for provision of HIV testing (Evans et al. 2009; Ma 2009 ).
The strengths of the study are that the data was systematically and prospectively collected, and that parallel testing with two rapid test kits was used, with discordant results resolved by retesting stored specimens with the original two tests plus an ELISA test. Hence, misclassification of HIV status will be minimal. The screening tool is simple and could be used with minimal training by clinic staff. The high prevalence of HIV infection (17%) in the study population, which was drawn from otherwise unselected adolescents attending acute care services at primary level, provided the statistical power needed to develop this type of algorithm in a relatively small sample size.
The study has several limitations, and we present this as a promising approach that can be adapted and validated according to local context. The test-train method provides an internal validation of this approach but gives no insight into external validity. The algorithm may perform differently in populations with a different mix of sexually acquired, parenterally and vertically acquired adolescent HIV infection. The positive and negative predictive values of the algorithm will vary by background HIV prevalence and prevalence of variables in the model for e.g. past TB treatment and presentation with an STI may be uncommon in adolescents who have grown up in countries where these infections are well controlled, which may lower the PPV of the algorithm. However, the sensitivity and specificity of the algorithm will remain unchanged. Data on clinical history was collected retrospectively, which could cause recall bias. However, patient-held records were checked wherever possible to verify attendances to primary and secondary care. This is the first study to propose and evaluate a tool to identify underlying HIV infection among acutely unwell adolescents whose predominant risk factor for HIV is maternal transmission. The algorithm is simple and may serve to raise awareness of the need to consider long-term survival in acutely unwell older children and adolescents at risk of maternally acquired HIV as well as identifying individuals at high risk. We suggest, however, that performance of the algorithm should be further validated in other settings.
